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Abstract. Beyond individual-level factors, researchers have adopted a spatial perspective to explore potentially modifiable
environmental determinants of health. A spatial perspective can be integrated into health research by incorporating spatial
data into studies or analysing georeferenced data. Given the rapid changes in data collection methods and the complex
dynamics between individuals and environment, we argue that geographical information system (GIS) functions have short-
comings with respect to analytical capability and are limited when it comes to visualizing the temporal component in spa-
tio-temporal data. In addition, we maintain that relatively little effort has been made to handle spatial heterogeneity.  To
that end, health researchers should be persuaded to better justify the theoretical meaning underlying the spatial matrix in
analysis, while spatial data collectors, GIS specialists, spatial analysis methodologists and the different breeds of users should
be encouraged to work together making health research move forward through addressing these issues. 
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Introduction
In December 2010, the “Healthy People 2020” proj-
ect was launched with the overall aim of eliminating
health disparities and achieving health equity (US
Department of Health and Human Services, 2012). Its
approximately 1,200 objectives are organised into 42
important public health topic areas and four overar-
ching goals, one of which proposes to create social and
physical environments promoting a good health status
for all. This particular goal reflects a scholarly
momentum to move beyond individual and family in
health research to investigate the complex interplay of
factors operating at multiple levels as discussed by
Macintyre et al. (2002). It is an approach that sees the
individual as embedded in a larger context making
health research an inherently spatialised science.  
While the relationship between an individual’s
health and his/her environment is indeed dynamic, the
goal of “Healthy People 2020” seems to be somewhat
stationary. That is, the goal appears to focus on the
health consequences without considering the dynamic
processes and mechanisms in which result from the
interactions between individual and the environment.
Individual health is affected by the environment, while
the environment is also continuously reshaped
through various activities (Cromley and McLafferty,
2011). The rapid development in geographical infor-
mation systems (GIS), the improved availability of
spatial data and the advancement in spatial analysis
have all contributed to the exploration of the role of
the environment taking spatio-temporal aspects into
account (Rushton, 2003; Elliott and Wartenberg,
2004). Specifically, GIS provides a platform connect-
ing the individual with the environment allowing
researchers to inspect the distribution of diseases and
investigate potentially modifiable ecological explana-
tions for disease clusters, which may clarify the aetiol-
ogy of health-related events (Chen et al., 2008; Du et
al., 2010). The spatial data that could objectively
describe the physical environment are increasingly
used to understand how the physical environment is
associated with, for example, obesity, asthma and
stress-related outcomes (Maantay, 2002; Berrigan and
McKinnon, 2008; Tucker et al., 2009; Matthews and
Yang, 2010). Clearly, a spatial perspective and spatial
modelling should facilitate the examination of the
local dynamics between population and environment
(Fotheringham, 1997; Haining, 2003).
Studies summarising how spatial approaches have
been used in epidemiology, public health and demog-
raphy have mainly been focused on visualization,
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physical environment data and regression methods
addressing spatial dependence (Chung et al., 2004;
Elliott and Wartenberg, 2004; Reibel, 2007;
Auchincloss et al., 2012). In contrast, we intend to
complement previous research by emphasising: (i) the
availability of data on the social environment; (ii)
approaches that embed individuals into context; (iii)
local, spatial aspects; and (iv) emerging issues related
to spatialising health research (e.g. meanings behind
spatial adjacency matrices and spatio-temporal
dynamics between health and place). Our aim is to
extract constructive future directions for collectors of
spatial data, developers of spatial methodology and
users of spatial analysis. 
GIS and spatial data
GIS is often conceptualised as a toolbox that enables
users to capture, manage, analyse and display spatially
referenced data (Burrough, 1986; Star and Estes, 1990;
ESRI, 2012). The rapid development of GIS technolo-
gy and its convergence with other geospatial technolo-
gies have resulted in the emergence of GIS as a science
(Goodchild, 1992; Wilson and Fotheringham, 2007).
The various types of spatial information emanating
from, for example, global positioning systems (GPS),
Earth-observing satellites, cartography, censuses, and
surveys including administrative and statutory data
(Walford, 2001) that are increasingly available to
health researchers, have broadened the GIS scope
allowing researchers to focus on questions that could
not be answered previously (Reibel and Bufalino,
2005; VanWey et al., 2005; Reibel, 2007).
Geospatial data are increasingly utilised to visualise
the relationships between health outcomes and other
potential predictors. For example, the World Health
Organization (WHO) instituted the Public Health
Mapping and GIS program in 1993 (WHO, 2012),
and has applied GIS and visualisation of epidemiolog-
ical data to reveal public health trends and interrela-
tionships. These methods include basic choropleth
maps and density estimations, the main strength of
which is to display and facilitate analysis of the spatial
variability of health outcomes (Rushton, 2003). One
main example of visualisation methods is hotspot
detection (also known as local cluster detection), a
type of analysis that identifies regional anomalies and
their spatial patterns as a means for disease surveil-
lance (Auchincloss et al., 2012). These visualisation
methods focus predominately on exploratory spatial
data analysis of health outcomes without fully
accounting for other confounders. 
Health researchers have recently started to pay
attention to social environment factors and also to the
conceptualisation of why place matters for the health
of individuals and communities (Entwisle, 2007). This
means that research has started to move beyond the
simplistic visualisation of health outcomes and their
associations with various physical environments to
investigate more comprehensive effects of the immedi-
ate environment on individuals in order to explain
health behaviour and outcomes in a local context
(Macintyre et al., 2002; Cummins et al., 2007;
Entwisle, 2007). Increasingly, this type of research
utilises residential characteristics to examine how
social and physical built characteristics are associated
with different health outcomes. Characteristics of the
social environment include socioeconomic factors
such as employment status as well as embedded social
relationships, e.g. such as social ties, social capital and
social efficacy (Sampson and Groves, 1989; Sampson
et al., 1999). 
Incorporation of data from built environment (i.e.
human-made physical environments that are utilised
on a day-to-day basis, e.g. public buildings, parks, etc.
(Renalds et al., 2010)), the social environment, and
innovative GIS technologies have started to enable
researchers to assess environmental risk factors in
health research. For example, GIS techniques can
accurately create various exposure estimates, includ-
ing residential proximity to pollution sources (major
streets, toxic release inventory sites, etc.) and proxim-
ity to various industrial hazards (Clougherty et al.,
2007; Ryan et al., 2007; Salam et al., 2008). This type
of risk data provides invaluable information for inves-
tigating health disparities and environmental injustice
across different demographic groups (Evans and
Kantrowitz, 2002). Any data with geographical refer-
ences (e.g. addresses, tract, county, etc.) can be joined
with boundary shapefiles and be displayed and ana-
lyzed using spatial analytic methods (see annex for
detailed discussions). In the United States of America
(USA), this type of data is readily available from the
Census Bureau’s Topologically Integrated Geographic
Encoding and Referencing (TIGER) system (Watcher,
2005, among others). 
Spatial analysis
The concept of homogeneity drives most of the
recent developments in spatial analysis. Hierarchical
modelling addresses the homogeneity in environmen-
tal exposure among people in the same area, and spa-
tial econometrics tackles the homogeneity in spatial
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relationships among observations. However, homo-
geneity is only one of the two features of spatial data;
the other, heterogeneity, is now receiving more atten-
tion (Fotheringham, 2009). More specifically, individ-
uals residing in the same area are always assumed to
have equal exposure to risk factors in current hierar-
chical modelling framework, a relatively crude suppo-
sition that ignores the possibility of heterogeneity. It
has been suggested that using spatial proximity to cap-
ture heterogeneity would generate more accurate
exposure measures to investigate the relationships
between physical environment and health (McMaster
et al., 1997; Maantay, 2002, 2007). In addition,
another assumption in hierarchical modelling is that
the higher-level analytic units are mutually independ-
ent (Raudenbush and Bryk, 2002). This assumption
not only ignores both spatial homogeneity and spatial
heterogeneity, but also neglects that individuals may
be affected by areas outside their residence.
Although widely used in health studies, the spatial
econometrics approach has several inevitable method-
ological shortcomings. First, while ecological studies
may be useful for the examination of the structural
and contextual factors for disease development and
health behaviour (Schwartz, 1994), the findings are
subject to the ecological fallacy, which refers to the
error of deriving conclusions about individuals based
on the results of aggregate analyses or vice versa
(Piantadosi et al., 1988). Second, though the spatial
matrix considers the potential impact of the values of
the dependent variable (or omitted variables) in neigh-
bouring areas, it largely ignores the exogenous inter-
action effect, which refers to the fact that the value of
the dependent variable in a unit depends on the values
of the independent variables in neighbouring units
(Elhorst, 2010). Finally, as research using spatial
econometrics is confined to data aggregated to a cer-
tain geographic unit, the modifiable areal unit prob-
lem (MAUP) should be applicable (Openshaw, 1984;
Raghavan et al., 2013). 
Several empirical studies have shown that the rela-
tionships between health outcomes and predictors
may vary intrinsically across space (Chen et al., 2010;
Shoff et al., 2012; Yang and Matthews, 2012) and that
spatial homogeneity may lead researchers to overlook
the locally spatial process and misinterpret their mod-
elling results (Fotheringham, 1997). The increasing
emphasis on heterogeneity echoes the idea that indi-
viduals interact with the environment differently and
the same stimulus may not necessarily lead to the same
outcome (Fotheringham, 2009; Yang and Matthews,
2012). Though some efforts have been made to devel-
op novel spatial analysis methods that concentrate on
heterogeneity (Reich et al., 2011; Chen et al., 2012),
or incorporate both homogeneity and heterogeneity
into a single framework (Paez et al., 2002), the devel-
opment in this area is still in its infancy. Exploring het-
erogeneity within and across space would facilitate the
understanding of the place-specific dynamics between
health and place.
A frequently asked question concerns the meaning
behind the spatial matrix, but few answers have been
provided (Leenders, 2002). In the literature, the first
order Queen contiguity matrix is commonly used
(Yang et al., 2009, 2011; Sparks and Sparks, 2010;
Sparks et al., 2013), but the choice for this spatial
matrix has never been well justified. While it could
become conventional practice to examine whether the
analytic results are robust by using different types of
spatial matrices (Ertur and Koch, 2007), doing so
would still keep the underlying meaning of a spatial
matrix unanswered. We suggest that the selection of
the spatial matrix should be connected to, or at least
driven by, appropriate theories. For instance, the dif-
fusion theory (Rogers, 2003) explains that the geo-
graphically closest neighbours matter in population
health because new preventive health care, or the idea
of early detection, would travel to nearby areas faster
than those farther away. Similarly, following a recent
study (Meyers et al., 2005), defining a spatial matrix
with migration flows between places may facilitate the
understanding of the spread of infectious diseases.
Note that while hierarchical modelling assumes inde-
pendence among spatial units, this assumption may be
removed by defining spatial relationships as spatial
econometricians do. Nonetheless, it may take extra
efforts to develop the methodological framework for
this type of analysis.            
Finally, the MAUP is a limitation shared by hierar-
chical modelling and spatial econometrics. There is
no agreement on how to solve the MAUP, but it has
been suggested that the most ideal solution would be
to obtain individual location data and implement
analyses with various spatial scales (Weeks, 2004).
Nonetheless, due to restrictive access policies and pri-
vacy concerns, this approach is not common
(Wartenberg and Thompson, 2010). While several
techniques have been proposed that could help
answer questions related to location (Armstrong et
al., 1999; Zimmerman et al., 2008), the potential
adverse effects with respect to the analytic results
need to be tested. Explicitly, more efforts should be
made to develop methods that simultaneously pre-
serve privacy and maintain both spatial and statistical
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relationships among observations (Boulos et al.,
2009). Should this method be available, health
researchers would be empowered to overcome the
MAUP by dissecting the impact of environmental fac-
tors on health and investigating them at different spa-
tial scales, which would further clarify how place
influences human health. 
Suggestions for future health research
GIS and spatial in explicit data have several disad-
vantages, one of which is that the results are mainly
descriptive. These GIS results are exploratory in
nature, because they can imply that there are relation-
ships between variables across space, but they lack
explanatory power to address the spatial relationship
of the data (Chung et al., 2004). A second disadvan-
tage of GIS software is that it often lacks analytical
capability, forcing researchers to turn to other software
for that. There is also a need for an infrastructure by
which health-related data, built environment and social
environment data can easily be obtained. When study-
ing health outcomes, it is not only important to study
the environment in which the individual currently lives,
but it may also be important to take into account prior
environments (Elliot and Wartenberg, 2004; Han et al.,
2013). In order to fully understand the relationship
between place and health, the ability to link individu-
als spatially and temporally is critical. Currently, there
is a lack of a unified system for obtaining various types
of spatial data. GIS and spatial analysis can be incor-
porated into health research more easily if researchers
can access the data they need.
The connection between health data and place is
mostly predetermined and it is assumed that the place
of occurrence is the only environment that matters.
The temporal dimension is absent in this assumption.
Arguably, the physical and built environments (e.g.
street and land use) change relatively slowly over time.
However, individuals are not fixed to the environment
in which they currently reside and the change in the
exposure to both social and built environment must be
assumed to have an impact on health (Leventhal and
Brooks-Gunn, 2003; Yabiku et al., 2009; Leventhal
and Dupere, 2011). Another reason why the temporal
dimension warrants further investigation from health
researchers is the increasing availability of social envi-
ronment data. Since 2010, the US Census Bureau
releases the American Community Survey (ACS) five-
year estimates, a rolling survey that provides the most
current information (on an annual basis) on popula-
tion and communities, such as demography, economy,
housing and other important social variables. Much
health information is maintained in a similar fashion,
e.g. the National Center for Health Statistics provides
mortality data that can be summarised into county-
level every year (NCHS, 2010). Before the ACS five-
year estimate data became available, many health
studies were forced to use decennial data around the
census years. A better temporal dimension may
become more readily available in the future from GPS
devices, cellular phones, and social network web sites
(Auchincloss et al., 2012).
Future health research may experience a growth in
spatio-temporal data with the addition of new sources
of temporal data, and with it comes the demand for
spatio-temporal analytic tools. While hierarchical mod-
elling is capable of providing growth curve analysis
(Raudenbush and Bryk, 2002), spatio-temporal dynam-
ic modelling remains underdeveloped in spatial econo-
metrics (Banerjee et al., 2004; Gelfand et al., 2005).
Health researchers are not yet equipped with appropri-
ate tools permitting comprehensive investigations on
how human health is shaped by space over time.
However, the proliferation of spatio-temporal data calls
for the development of analytic tools for this challenge.
The incorporation of a spatial perspective into
health studies helps researchers to identify the deter-
minants of health that are beyond individual genetic,
biological and behavioural factors. The process of spa-
tialising health research is related to the use of GIS and
spatial data, as well as the application of spatial ana-
lytical techniques. The increasing availability of data
related to both social environment and built environ-
ment (e.g. streets, parks, etc.) has allowed questions
that could not be answered previously. Meanwhile, the
rapid development of GIS has made it possible to man-
age all forms of data in one single platform
(Goodchild and Janelle, 2010) as well as facilitating
exploratory, spatial data analysis (Cromley and
McLafferty, 2011). More importantly, with the devel-
opment of software programmes, implementing com-
plex spatial analytical models, capable of untangling
the associations between health and environmental
predictors, has become a norm, yielding reliable
results as they account for spatial homogeneity, one
source of bias. These changes have contributed to the
growth of health studies adopting a spatial perspective
(Chung et al., 2004; Auchincloss et al., 2012). 
Although the development of spatialising health
research in the past decades has been successful and
laudable (Koch, 2009), there are several weaknesses
that should be addressed in the near future in order to
continue the current momentum. First, most spatial
T-C. Yang et al. - Geospatial Health 7(2), 2013, pp. 161-168 165
data are temporarily invariant and collected on the
basis of arbitrary administrative boundaries. To better
understand disease aetiology and the dynamics
between individuals and environments, it would be
crucial to make spatio-temporal data available.
Second, the temporal dimension has not been well
integrated into GIS. While some transportation geog-
raphers have begun to expand the spatio-temporal
visualisation capacity (Chen et al., 2011), its develop-
ment remains in its infancy. Third, following the pre-
vious two flaws, existing spatial statistical models are
focused on the analysis of cross-sectional data and the
analytic results may have limited implications in
causality. Fourth, the progress in advanced spatial
analysis methods are driven by the concept of spatial
homogeneity, and little attention has been paid to spa-
tial heterogeneity until recently (Fotheringham et al.,
2002; Chen et al., 2012). Spatial heterogeneity has
been suggested to provide nuanced insights in making
place-specific policies and health research should
begin to embrace this concept (Yang and Matthews,
2012). Fifth, though the privacy issues in GIS health
research have drawn geographers’ attention
(Armstrong et al., 1999), no useful tool have been put
forward to maintain privacy and data utility simulta-
neously. Future investigations into how to preserve
confidentiality and statistical relationships among
observation are warranted. Finally, the spatial weight
matrix used in spatial analysis should be better justi-
fied or connected to health and/or epidemiological the-
ories; in so doing, the spatial analysis results would
have a broader impact on testing and reframing health
theories. 
The weaknesses identified above are concentrated
on spatial data and the methods used to analyse
them. Clearly, health research is not the only disci-
pline that faces these challenges, and geography or
geosciences should not be the only discipline that
attempts to address them. Since spatial data collec-
tors, spatial analysis methodologists, spatial analysis
users and spatial tool developers come from a range
of disciplines (e.g. economics, statistics, demography
and computer science), seeking solutions to the chal-
lenges identified here requires multidisciplinary col-
laboration. For example, methodologists (e.g. statis-
ticians) could help those depending on spatial analy-
sis (e.g. health researchers) to resolve analytic or
empirical problems. In addition, an ongoing dia-
logue between data collectors (e.g. federal agencies)
and users from all disciplines should improve the
quality and availability of health data and spatial
analysis. 
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Annex
When data are geographically referenced, they can
be managed with geographical information systems
(GIS) and be displayed and analyzed using spatial ana-
lytic methods. Despite the various advantages of util-
ising data with geographical references, there are
important methodological caveats that researchers
should consider. First, the underlying assumptions of
non-spatial statistical procedures become problematic,
e.g. the standard ordinary least squares (OLS) regres-
sion framework assumes that the parameter estimates
obtained from the regression model are constant over
space, i.e. a one unit change in an explanatory variable
would provoke the same change in a dependent vari-
able in all data points regardless of location. The prob-
lem with this assumption is that the relationships
being tested may vary spatially for various reasons
(Fotheringham et al., 2002).
A second research challenge is that the statistical
procedures should explicitly correct for two common
problems that commonly exist in georeferenced data,
namely spatial dependence and spatial heterogeneity.
Spatial dependence is the existence of a functional
relationship between what happens at one point in
space and what happens elsewhere. If similar values of
a variable cluster in space, then positive spatial auto-
correlation exists. On the other hand, if locations are
surrounded by neighbours with dissimilar values, then
negative spatial autocorrelation exists. Spatial hetero-
geneity refers to as variation in relationships over
space (LeSage, 1999) and it exists when the mean,
variance and covariance structures drift over a
mapped process. When spatial heterogeneity is pres-
ent, regionally-specific circumstances influence struc-
tural relationships (O’Loughlin et al., 1994). Both spa-
tial dependence and spatial heterogeneity in georefer-
enced data are problematic as they violate the inde-
pendence assumption in a standard OLS regression
specification, and result in a biased, if not invalid, sta-
tistical inference from the model. Ignoring the spatial
structure underlying georeferenced data can result in
the estimated regression coefficients being biased,
inconsistent or inefficient (Voss and Curtis, 2011).
In the past, health scientists have tried to address the
problems with spatial dependence and spatial hetero-
geneity in georeferenced data by including dummy
variables in their models in an attempt to capture dif-
ferences in behaviour across geographical areas.
However, this simplistic approach misses some of the
central issues inherent in spatial data (Darmofal,
2009). The dummy variable approach informs
whether or not there is a statistically significant differ-
ence in the behaviour in various areas in comparison
to a reference category area, but it cannot tell the
underlying processes that result in the spatial depend-
ence (Darmofal, 2009). Recent development in
exploratory spatial data analysis techniques, such as
the local indicator of spatial autocorrelation, has bet-
ter allowed health researchers to explore spatial pat-
terns in georeferenced data. A similar approach is to
conduct spatial clustering analysis that identifies the
areas with abnormally high and/or low events of inter-
est (e.g. diseases). Testing for spatial autocorrelation
helps the researcher to assess the potential spatial
effects (i.e. spatial dependence or spatial heterogene-
ity) in the georeferenced data. This assessment will
guide researchers to better specify the data-generating
models (Voss and Curtis, 2011). 
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